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Abstract
Credit Default Swaps (CDS) have been subject to criticism since
the break out of the economic turmoil in 2008, triggered by a weak
housing market in the USA and the default of the investment bank
Lehman Brothers. This essay analyses the relationship between the
variance in Swedish stock market and CDS market during 2004 - 2009.
The results indicate a negative relationship between the movements
in stock price and movements in CDS-spread. Evidence of volatility
clusters, ARCH-effects, is found and further test on conditional vari-
ance indicate negative news has a higher impact on future variance in
spread than positive, which also increase by the magnitude of shock.
Variance in stock price partly explains variance in spread for most of
the companies.
Keywords: Credit default swap, Conditional variance, News impact
asymmetry, Market correlation, Regression analysis, ARCH, EGARCH
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1 Introduction
In recent years, lending has grown substantially and with the 2008 crisis
behind us, credit risk has become a very popular subject. Economic and
financial theory describes two types of risk: systematic and unsystematic.
Systematic risk refers to the general risk in the market and is also known
as the non-diversifyable risk. The unsystematic risk is often referred to as
the residual risk, which could be systematically reduced by diversification
of our portfolio assets.
Investors in the bond market are facing another type of risk, that is the
risk of not receiving the full face amount including coupons, which means
that the issuer defaults. This is the simplest case of credit risk.1
To limit the risk implied with credit, credit derivatives were invented
with the potential to allow companies to trade and manage credit risk in
much the same way as market risk. The market for credit derivatives grew
substantial up until 2008 to represent one of the most significant markets
in finance industry. Credit Default Swaps (CDS) was introduced in 1997 in
order to reduce the risk of credit events from balance sheets. This is made
by shifting the (credit) risk to a third party and will not only hedge the
risk but also reduce the requirement in terms of regulatory capital, which
sets the framework on how financial institutions must handle their capital
(Zabel (2008)).2
The market for CDS in 2008 was estimated, by the Bank for International
Settlements (BIS), to a total amount of 41.9 trillion dollars (notional amount
outstanding), making CDS-contracts one of the most traded credit derivative
product.3 This could be compared with the U.S stock market, which had a
market capitalization of 12 trillion dollars as of 2008.4 However, the market
has expanded into structural finance, such as Collateral Debt Obligations
(CDO), that contains pools of mortgages, which also could be refereed to
as a secondary market for CDS, where investors are allowed to speculate
without any relationship to the underlying entity.5
Despite the popularity there is only a small supply of empirical litera-
ture on CDS. Now follow studies on the subject, which also contribute to
the objectives and purpose of this essay. Hull, Predescu and White (2004)
use two variables in order to explain what drives the CDS-spread: bond
yields and rating announcements (issued by Moodys). Based on 200 000
1Credit risk concerns particularly, but not exclusively, financial institutions such as
banks that act as lenders.
2At the introduction of CDS, banks was still regulated by Basel I, since then The Basel
II regulation was issued by Basel Committee on Banking Supervision in 2004 and aims
at i) ensuring that capital allocation is more risk sensitive ii) quantifying and separating
operational risk form credit risk and iii) reducing the scope for regulatory arbitrage.
3http://www.bis.org/publ/otc hy0905.pdf
4http://data.worldbank.org/indicator/CM.MKT.LCAP.CD
5How CDS works will be discussed further in section 2.1.2. (Uses)
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observations covering a five year period the results show a poor relationship
for bond yields. When it comes to the relationship between the CDS-spread
and the rating announcements they found significant relationship between
the review6 of the downgrade, rather the downgrade itself.
Zhu (2004) in a study covering 55 reference entities on a three year period
concludes that the bond-spreads and the CDS-spreads are correlated in the
long run, but not always in the short run. Concerning the price adjustments,
the CDS market seems to move ahead of the bond market. Skinner and
Townend (2002) argue that a CDS can be seen as a put option. As one of
the first empirical examinations of CDS they use 29 U.S. CDS, covering a
period of two years with start in 1997. Observed variables are risk-free rate,
yield (the proposed yield on the reference security), interest rate volatility,
time to maturity (matching the CDS-agreement) and the exercise price (the
amount payable in the event of default).
A CDS serves different purposes. Except for trading and hedging, it
is also possible to calculate the probability of default of a specific loan or
bond, and therefore works as a rating instrument (in terms of rating agen-
cies). Compared to agencies which update their rating (or outlook/review)
a couple of times a year (discretely)7, a CDS gives the possibility to obtain
a continuously updated market price of credit risk.
A common result when analyzing the effect of rating changes in bond-
spreads and stock prices is that negative information (news) seems to have
a higher impact than positive information of the same magnitude. This
means that, for example, a downgrade in rating has a bigger impact on
market prices than an upgrade. As the CDS-spread is driven by both rating
announcements and bond-spread, this might be the case in the CDS market
as well. The asymmetry has been proved to exist both in the bond market
and the stock market, evidence is provided in following papers.
Previous research from the stock market made by Hand et al. (1992)
provides evidence of abnormal negative stock return in the case of a down-
grade but no effect in the case of an upgrade. Also Goh and Ederington
(1999) found a stronger negative reaction on downgrades to and within non-
investment grade than to downgrades within the investment grade category.
Holthausen and Leftwich (1986) found that equity returns anticipate both
upgrades and downgrades, which is inline with the result of Zhu (2004), who
also found that the CDS market seems to move ahead of the bond market.
Research considering the bond market and reactions to rating changes
finds similar results. By using monthly observations, Kats (1974) and Grier
and Kats (1976) conclude that there is evidence that the bond market an-
6These reviews are intended to indicate the direction of the change in the rating in
order to soften any potential reaction in the market.
7As Cantor and Mann (2003) describe, rating agencies have stability as one of their
objectives as they try to set ratings that last and not get forced to be reserved a short
time later.
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ticipates decreases but not increases. Hand et al. (1992) look at the bond
market and also find effect on downgrades but not upgrades. A more recent
paper was published by Steiner and Heinke (2001) where they found evi-
dence of abnormal negative bond return in the case of negative reviews and
downgrades. The asymmetry in bond markets reaction was also documented
by Wansley et al. (1992) and Hite and Warga (1997). One way to measure
the asymmetry is by analysing the volatility in daily returns of the CDS.
As mentioned in the beginning of this section, these objectives might be
of interest for the market agents acting in the Swedish market since it makes
it possible to predict the future volatility of the CDS market. This might also
be of interest for the valuation process if we consider Skinner and Townend
(2002) who argue that a CDS could be seen as a put-option. The most
common approach to valuate options was proposed by Black et al. (1973),
but Heston et al. (2000) developed a method based on the assumption that
the entity return follows a GARCH-process, which compared to the Black-
Scholes does not assume constant volatility. Also, using the CDS-spread as
an indicator of default risk could mean taking on more risk than intended (or
measured) if the price of a CDS is not correct in relation to the actual risk.
This would occur when the CDS-investors do not act as the stock investors
do in terms of a market event; a significant shift in future earnings increases
(decreases) the risk of default. Evidence of this negative correlation was
provided by Bystrom (2005), where he study the relationship between stock
market and iTraxx. Stock price and CDS-spread will both increase only if
the company is gaining value due to new risk which can benefit the owners
but at the same time increase the probability of default.
The purpose of this essay is to analyse whether the negative correla-
tion between the CDS-spread and stock price exist in the Swedish market.
Furthermore, measuring how variance in stock price affect variance in CDS-
spread will be analysed. The final objective will be to test for news impact
asymmetry in the CDS-spread and whether the negative relationship can be
confirmed by comparing the result against the asymmetry in stock price.
Based on the above purpose, this essay aims to answer the following
questions i) how much of the variance in CDS-spread can be explained by
the variance in stock price? ii) do CDS-spread and stock price move with
negative correlation? iii) how does news impact future volatility? and iv)
do stock price and CDS-spread react similarly on news?
To answer these questions the analysis is limited to include only Swedish
companies with issued CDS and listed stock are covered in this analysis.
To reduce the problem of illiquidity focus is on five year to maturity CDS-
contracts. Also, observation period has been limited to cover 2004 - 2009.
Due to the lack of index of the included companies, tests will primarily be
performed on the single company yet some tests are performed on aggregated
data.
The disposition of this essay is organized as follows. The following section
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introduces the theoretical framework behind the applied models and gives
an introduction to CDS. The data together with methodology are explained
in section 3. Section 4 presents the estimations together with the result. In
last section the results are summarized followed by conclusions.
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2 Theoretical framework
2.1 Credit default swap
A credit default swap is defined by Zabel (2008) as a private insurance
contract between two parties, a protection buyer and a protection seller,
covering a corporations specific bond or loan. The protection buyer agrees
on paying an upfront amount and yearly premiums to the protection seller
to cover any loss on the face amount of the referenced credit asset (bond
or loan). Typically, the insurance is for five years but since a CDS is not
(fully) standardized instrument the agreements are tailor made. Companies
in this essay have CDS issued covering 1 to 10 years.
As just mentioned, the CDS is not a standardized instrument and there-
for not traded on a regulated market. Compared with other derivatives
the CDS market has no transparency as the contracts are traded over the
counter.8 Fundamentally the contract serves an economic purpose as a se-
curity for the actual holders, or creditors, of outstanding loans to get repaid,
but the instrument itself holds risk.
A CDS is a bilateral contracts, meaning they are private contracts be-
tween two parties. Since the contracts are traded over the counter, a CDS
is subject to counter party risk, implying the risk of resale to another party
willing to enter into the contract, highlighting the existence of systemic risk
in CDS market. This happens when the party providing the insurance (seller
of the CDS) do not have money to cover the insured buyer in the case of
a credit event in the bond or loan which is the same as the insurer (seller)
goes bankrupt. The buyer is no longer covered against losses, the premium
payments are gone and so is the insurance (hedge) against default.
For the speculative buyer the contracts also contain a liquidity risk mean-
ing that the contracts may not be traded quickly enough in the market to
prevent losses. This happens when there is no market (or buyer) for the
traded contract.
2.1.1 Credit event
The default risk is also referred to as risk of a credit event. A CDS can be
traded within the framework of ISDA agreement, which also sets a standard-
ized and generally accepted definition for what constitutes a credit event.
There are mainly two advantages from using the standardized documenta-
tion i) it reduces the legal risk between the counter parties and ii) increases
the speed by which the transactions can be confirmed.9
There are several credit events, defined by the ISDA, that trigger the
CDS-contract. Typical events that trigger the mechanism in the contract,
8Over the counter (OTC) trading is to trade financial instruments directly between
two parties, in contrast to exchange trading, which occurs through e.g. a stock exchange.
9http://www.isda.org/researchnotes/pdf/isda-research-notes1.pdf
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defined in the 2003 ISDA Credit Derivatives Definitions, are i) bankruptcy
ii) failure to pay iii) obligation acceleration iv) obligation default v) repudi-
ation/moratorium vi) reconstructing.
2.1.2 Uses
Like most other financial derivatives, CDS can be used by investors for
speculation, hedging and arbitrage. As mentioned earlier, it is also possible
to draw the probability of default from the CDS-spread, but the main uses
follow below.
Investors using a CDS in a speculative way may use two main strategies
i) speculate in the health of the company by selling (buying) contracts if
they believe the company is doing well (poorly) ii) doing a basis trade, that
combines a CDS-contract with a bond and an interest rate swap meaning
that investors speculate that an entity’s CDS is high (low) relative to the
entity’s bond yield.
Hedging credit risk is often done by using CDS. The holder of a corporate
bond or loan may hedge their exposure (to default risk) by buying or entering
a CDS-contract. If the underlying investment defaults, the seller of the
contract pays the face amount of the underlying investment (bond or loan).
Capital structure arbitrage is an example of a strategy that uses CDS-
contracts. The strategy relies on evidence of a negative correlation between
the stock price and the CDS-spread10, if the stock price goes up (down), the
CDS-spread will decrease (increase).
2.2 Conditional volatility models
A common objective when analyzing economic data is to predict future
values of economic variables, such as a CDS-spread. One approach to meet
this objective is to build and use econometric models which describe the
relationship between the variable of interest and other economic variables.
This approach uses the past values to describe and predict the current and
future value of our variables of interest, which means that we assume that
the information from the past makes us able to forecast the future (or at
least explain the current state).
When it comes to financial time series we often observe so called volatility
clustering, which means that big shocks tend to be followed by big shocks
in either direction, just as small shocks tend to be followed by small shocks.
One way to model such patterns is to allow the variance σt to depend on its
past values. The concept described above was proposed by Engle (1982) as
the autoregressive conditional heteroskedasticity (ARCH).
10Evidence of a negative correlation between the stock market return and the iTraxx
was presented by Bystrom (2005).
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Since CDS-spreads are best described as a financial time series and with a
graphic overview, figure 1, we observe a volatility that tends to, as described
above, include clusters of high and low volatility, the conclusion is that an
ARCH model is the best way to analyse the data. Observing the clusters
may be a problem when the frequencies are low, for example in monthly
data, therefor daily data series are used in the analysis.
Figure 1: Daily change CDS index-spread (denote all aggregated CDS-spreads)
2004-03-25 - 2009-03-25. Grey line represents CDS-spread (rate) while x-axis the
number of daily observations
As mentioned, the seminal paper in this area is Engle (1992), which pro-
poses a concept of autoregressive conditional heteroskedasticity (ARCH).
What it says is that the variance of the error term (σt) at time t depends
upon the squared error terms (2t−k) from previous periods, as shown in
equation 1 below.
σt = ω +
q∑
k=1
αk
2
t−k (1)
This specification is called an ARCH(q) process where ω and α are constant
parameters with the restriction on ω to be greater than 0. The ARCH(q)
model says that, when a big shock happens in period t−1, it is likely that t
has a relatively large value as well. That is, when 2t−1 is large, the variance
of the next period t is large as well. The effect of a shock k periods ago,
on the current volatility, is governed by the parameter αk. Also, what we
normally would expect is that αk < αq, meaning that, the older the infor-
mation, the less effect it has on current volatility. Information arrived more
than k periods ago (k > q) has no effect on current volatility at all (Engle
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and Ng (1993)).
ARCH models have been generalized in different ways. A useful variant,
proposed by Bollorslev (1986), is the generalized ARCH (GARCH) model.
The GARCH model is given by
σt = ω +
q∑
k=1
αk
2
t−k +
p∑
j=1
βjσt−j (2)
where ω, α and β are constant parameters, and ω is restricted to be greater
than 0. Just like an ARCH model GARCH requires a non-negativity σ2
therefore we define the 2t as
2t = ω + (α+ β)
2
t−1 + νt − βνt−1 (3)
which show that the squared errors follow an ARMA(1, 1) process.
The autoregressive part is given by α + β, so that stationarity requires
that α + β < 1. Values of α + β close to 1 imply that the persistence in
volatility is high11. That is, in the GARCH(1,1) model, the effect of a shock
on volatility declines geometrically over time.
A restriction in both ARCH and GARCH is their symmetry, only the
absolute values matters, not their sign. This means, a negative shock has
the same impact on the future volatility as a positive shock (of the same
magnitude). The problem is, as we discussed in section 1.1 (Problem dis-
cussion), that there is evidence of a abnormal negative return in the bond
and stock market. This asymmetric effect in financial time series was first
discovered by Black (1976), and confirmed by French et al. (1987), Nelson
(1990) and Schwert (1990) among others.
One approach to capture such asymmetry was provided by Nelson (1990)
and goes by the name exponential GARCH or EGARCH model. This model
allows for the possibility that an unexpected drop in price has a larger im-
pact than an unexpected increase in price (similar magnitude) on the future
volatility. The EGARCH equation is given by
lnσt = ω + β lnσt−1 + γ
t−1√
σt−1
+ α
[ |t−1|√
σt−1
−
√
2/pi
]
(4)
11When α + β = 1, volatility shocks have a permanent effect.
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where α, β, γ and ω are constant parameters. When γ < 0 positive shocks
have less impact in the future volatility than negative shocks. Since the lnσt
is modeled, there is no need of artificially impose non-negativity constraints
on the parameters, which is necessary for the GARCH model, to measure a
positive σt
12.
Engle and Ng (1993) proposed the so-called news impact curve, which
describes the impact of the last return shock (effect of new information) on
current volatility (more about the news impact curve is to be found in sec-
tion 3.3.4 (News impact curve)). Compared with GARCH, the EGARCH
model has an asymmetric news impact curve, with larger impact for negative
information (shocks). As shown in figure 2 (below) the slope of EGARCH
model is typically larger and σ2 is exponential rather than quadratic.
Figure 2: News impact curves for GARCH(1,1) (black) and EGARCH(1,1) (grey)
The equation for the GARCH(1,1) news impact curve is
σt = A+ α
2
t−1 (5)
where σt is the conditional variance at time t, t−1 is the unpredictable
return at time t− 1, A = ω + βσ2, σ2 is the unconditional return standards
deviation, ω is a constant and β is the parameter corresponding to σt−1.
The equations for the EGARCH(1,1) news impact curve are
σt = A exp
[
(γ + α)
σ
t−1
]
, for t−1 > 0. (6)
12C. Brooks ”Introductory: Econometrics for Finance” p. 206”
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and
σt = A exp
[
(γ − α)
σ
t−1
]
, for t−1 < 0 (7)
where A = σ2βexp[ω − α√2/pi], σ is the unconditional return standard
deviation, ω is the constant term and β is the parameter for ln σt−1, α is
the parameter for the |t−1| / √σt−1 term and γ is the parameter for t−1 /√
σt−1 in the EGARCH log-variance equation (equation 4).
In order to draw any conclusions about news asymmetry an EGARCH
estimation needs to be modeled. Engle and NG (1993) suggest that the GJR
model by Glosten, Jagannathan and Runkle (1989) is the best parametric
model, though EGARCH also capture the asymmetry but there is evidence
that variability of the conditional variance implied by the EGARCH is higher
than GJR.
Poon et al. (2003) compare 93 different papers where 17 are alternative
versions of ARCH and conclude that GARCH dominates ARCH. In general,
they find evidence that models that incorporate volatility asymmetry such as
EGARCH perform better than GARCH. In order to analyse the asymmetry
and reaction on future volatility from shocks, EGARCH will be applied as it
captures the necessary variables in order to compute and solve the objective
(Poon et al. (2003)).
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3 Methodology
Halvorsen (1992) describes methodology as an organized approach to study
phenomenon in order to gain knowledge. Also, Halvorsen (1992) claims
methodology cover how to collect data, criticism and interpretation of data.
Rienecker et al. (2002) talk about two types of essays, theoretical and
empirical. Typical of an empirical essay is the inductive approach, meaning
that the basis is observations. A theoretical essay has a deductive approach,
meaning it is based on early reports and theory. This essay is based on early
evidence of volatility clusters from related data series and therefore goes by
the definition of a quantitative, theoretical essay.
3.1 Data
This essay focuses on the Swedish CDS market during 2004 - 2009. Compa-
nies included fulfill the following criteria i) have five year CDS issued on a
entity (bond/loan) ii) listed on the Swedish stock exchange OMX NASDAQ.
The main data set contains daily observations of CDS-spreads and stock
prices covering the period 2004-03-25 - 2009-03-25. All data is collected
with Datastream. Stock prices are expressed in SEK while CDS-spreads are
expressed in basis points. There is a total of 1305 observations per data
series, that is per company and instrument (CDS and stock price). Figure 3
below shows the development of CDS-spreads and stock prices during the
covered period. A list of all 16 companies included can be found in ap-
pendix A.
Figure 3: Overview of CDS-index and stock price-index observations
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3.2 Returns
All analysis require the data series expressed as daily changes. That is, the
daily change (returns) in CDS-spreads and stock prices needs to be calcu-
lated as the series contains daily prices. This is given by
Rt,i =
(St,i − St−1,i)
St−1,i
(8)
where lnRt,i is the return of a particular CDS or stock from time (t− 1) to
time t. S indicates the price or CDS-spread.
3.3 Volatility
Volatility or variance is often referred to as the standard deviation of a
continuously compounded movement (or return) of a financial instrument
during a specific time horizon. In finance, volatility is a measure of uncer-
tainty or risk over the specific time period given by equation 9
σ2 =
1
N − 1
N∑
t=1
(Rt −R)2 (9)
where Rt is the asset return at time t, calculated as given in equation 8,
R is the average return over the sample period and N is the number of days.
The estimation of unconditional variance is described in section 3.6 (Es-
timation of ARCH models).
3.4 Correlation
Correlation, or correlation coefficient ρ, indicates the strength and direction
of a linear relationship between two random variables. ρ is expressed as a
value between -1 and +1, meaning that it cannot exceed 1 in absolute value.
If two series move identically (increasing linear) to each other the correlation
is +1 and vice versa. If the variables are independent then the correlation
is 0, but the correlation coefficient detects only linear dependencies between
two variables. The correlation coefficient ρ between CDS-spread and stock
price is defined as
ρX,Y =
Cov(X,Y )
σXσY
(10)
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Since the dataset contains samples from time series it is possible to ob-
tain different ρ depending on the data sample and time period measured.
In the analysis all measures will cover the full data series at all time.
3.5 Linear regression
The linear regression analysis is used to estimate linear relationships be-
tween at least two variables. The equation is given by
yi = α+ βxi + i (11)
where y is the dependent variable (CDS-spread) and x the independent
variable (stock price). α is the intercept while β is the coefficient indicating
how much a change in variable x by one unit impacts variable y.  represent
the statistical error term, or the residual of the estimation, which measures
how much each observation differs from its ”true” value if the relationship
was strict linear.
3.6 Estimation of ARCH models
Following explanations refers to both literature and Eviews.
3.6.1 ARCH
In order to test for ARCH effects in financial time series there is a built in
function in Eviews ”Heteroscedasticity test, ARCH”. The Engle (1982) pro-
cedure starts with a linear regression (LS) and saving the residuals ˆt. Next
step is to square the residuals and regress them on q own lags for ARCH of
order q, that is ARCH(q). This gives the following regression
ˆ2t = γ0 + γ1ˆ
2
t−1 + γ2ˆ
2
t−2 + ...+ γq ˆ
2
t−q + vt (12)
where vt is an error term. To test for ARCH effects is the same as to
test H0 = γ1 = γ2 = γq = 0 against H1 = γ1 6= 0 and γ2 6= 0 and γq 6= 0.
The test statistic is defined as TR2 (where T is the number of observations)
and is distributed as a χ2(q). There is no method given in order to decide
the number of lags, q. According to Brooks (2008) there is no clearly best
approach to decide q and therefor q = 1 for all ARCH tests in the analy-
sis. Also, Brooks (2008) argues for performing a ARCH test on the series
to begin with as a propriety way to make sure that this class of models is
appropriate for the data.
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3.6.2 EGARCH
While ARCH models could be modeled in a linear form, the OLS cannot
be used for estimating EGARCH models. OLS minimizes the residual sum
of squares, which depends on the parameters in the mean equation and not
the conditional variance. Like in the case of modeling ARCH(p) it is hard
to decide optimal p and q in our EGARCH(p,q) model and we find no help
from R2 in order to determine the optimal lag length. Again p and q will
be set to 1.
Since OLS is to no help, we use another technique known as maximum
likelihood (ML) in order to estimate EGARCH models. ML works by find-
ing the most likely values of the parameters given the actual dataset. Given
a log-likelihood function (LLF) it sought the values of the parameters that
maximize the LLF. The LLF is defined as
L = −T
2
log(2pi)− 1
2
T∑
t=1
(σ2t )−
1
2
T∑
t=1
(yt − µ− φyt−1)2
σ2t
(13)
The maximization is then done in Eviews, which employs an iterative method
for maximizing the LLF. This means that Eviews, given a set of initial
guesses for the parameter values will systematically change the values until
it determines the optimal values. Problems may occure when the LLF have
many local maxima so that different algorithms could find different local
maxima of the LLF. To limit the risk of finding wrong maxima a conver-
gence criterion is introduced, which forces Eviews to continue to search for
better parameter values that gives a higher LLF until the change in the
value of the LLF between iterations is less than the specified convergence
criterion. In the procedure a convergence value = 0.001 is used and means
that Eviews will stop looking for a new maxima if the biggest percentage
change in any coefficient estimate is smaller than 0.01% (Brooks (2008)).
3.6.3 News impact curve
A good way to describe the degree of asymmetry of volatility to positive and
negative shocks is by drawing a news impact curve. The news impact curve,
given a estimated model, plots the next-period volatility that could arise
from various values of t−1. Both positive and negative values are used and
the curve is drawn by using the estimated conditional variance equation with
its given coefficient estimates and with lagged conditional variance set to the
unconditional variance. Given a series of positive and negative numbers of
t−1, each value is used to determine what the corresponding value of σ2t
would be.
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There is also the possibility to review at the parameters in the equation
in order to draw conclusions about the form of the news impact curve. The
shape of the EGARCH(1,1) news impact curve in figure 2 is (referring to
equation 6 and 7) indicative of cases with γ < 0 for stock price series and
γ > 0 for CDS-spread series due to an increase in a CDS-spread means a
bad development from the underlying assets perspective (bad news).
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4 Results
4.1 Sample correlation statistics on returns
This first section of the analysis will begin with a further introduction to
the data set and present the chosen time series. As mentioned in section
2.1 (Credit default swap) there are several CDS for each company with
different time to maturities issued. The tests will be performed on five year
to maturity CDS since all companies have this maturity issued and show
signs of liquidity. Most of the companies have 1 up to 10 years issued but
as to be found in appendix D the correlation between the different series are
close to 1.
Bystrom (2005) showed early evidence of a negative relationship be-
tween the stock market return and the CDS-spread saying that when the
CDS-spread goes up (down) the stock market goes down (up). This implies
that the correlation should be negative and with the data sample used the
results confirms similar relationship exist in the Swedish market. Table 1
displays the correlation between CDS-spread and stock price:
No. of CDS Correlation coefficient ρ
Assa abloy -0.551
Atlas copco -0.033
Electrolux -0.417
Investor -0.199
Nordea -0.346
SAS -0.823
Scania -0.159
Securitas -0.446
SEB -0.644
SCA -0.680
SHB -0.646
Swedbank -0.778
Swedish match -0.395
Ericsson -0.823
Telia -0.031
Volvo -0.396
Table 1: Correlation between CDS and stock price
As one can see in table 1 all companies have a negative relationship
between its stock price and CDS-spread: when the stock price increases
(decreases) in value the CDS-spread decreases (increases). The analysis
continues by looking at the variance and how the variance in stock price
affects the variance in CDS-spread.
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4.2 Linear regression analysis on variance
The regressions on weekly variance (N=5, equation 9) will examine two
things which is important for the understanding of the relationship between
variance in stock price and CDS-spread: i) do variance in CDS decrease
(increase) when stock price variance decrease (increase) and ii) how much
of the variance in CDS could be explained by the variance in stock price.
Table 2 below summarizes the results. As expected with only one vari-
able, the coefficients of determination are not high yet Ericsson stands out
with R2 of 0.11 and all other coefficients significant. Atlas copco, Nordea,
SEB and SHB has a negative β, yet the coefficient is insignificant. The
remaining stocks are all positive in their coefficients. Compared to the test
of correlation where a negative relationship was observed, tests on variance
is expected to indicate a positive relationship. This comes from the founda-
tion of variance, it only measure the movements not the direction/sign on
the movement. It is not obvious why Atlas copco, Nordea, SEB and SHB’s
show incorrect sign and insignificant coefficient. One reason could basically
be that they do not have a linear relationship. In the case of Atlas copco
one can in figure 5, appendix B, there are visible clusters of high frequency
of movements in CDS-spread while stock price is more stable, which obvious
adds to the none linear relationship.
Company α β R2
Assa abloy 0.002307 (0.000) 0.46019 (0.498) 0.00178
Atlas copco 0.102367 (0.038) -39.86007 (0.368) 0.003137
Electrolux 0.001346 (0.000) 0.759194 (0.000) 0.097568
Investor 0.001848 (0.000) 3.309993 (0.000) 0.097656
Nordea 0.102696 (0.008) -27.85064 (0.411) 0.002619
SAS 0.002505 (0.011) 0.082768 (0.792) 0.00027
Scania 0.001821 (0.000) 0.660177 (0.016) 0.022341
Securitas 0.001698 (0.000) 0.533552 (0.097) 0.010615
SEB 0.083251 (0.294) -4.255083 (0.886) 0.000079
SCA 0.001898 (0.000) 0.561977 (0.121) 0.009313
SHB 0.005653 (0.015) -0.230083 (0.914) 0.000045
Swedbank 0.039366 (0.383) 5.037645 (0.825) 0.00019
Swedish match 0.001249 (0.000) 0.480079 (0.087) 0.011301
Ericsson 0.001116 (0.000) 1.029706 (0.000) 0.111273
Telia 0.001332 (0.000) 1.176997 (0.000) 0.049695
Volvo 0.001382 (0.000) 1.138243 (0.000) 0.073222
Table 2: Estimations on weekly variance. CDS-spread as dependent and
stock price as independent. P-values in brackets.
The test on variance suggest that there is a dependence in spread vari-
ance from variance in stock, yet the relationship is weak for some of the
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companies. Next step is to test the data series whether they are fitted for
conditional volatility models.
4.3 Conditional volatility models
4.3.1 ARCH
Looking for ARCH-effect is the best way to start analysing variance with
conditional volatility models (Brooks 2008). Table 3 summarizes the results
from the ARCH(1) test on the stock prices. Both the F -version and the LM -
statistic come to the same conclusion for all companies, suggesting presence
of ARCH-effects in all stock prices on a 95%-significant level. In other words,
the test indicates there are conditional variance in stock prices.
Company F − statistic TR2
Assa abloy 72.311 (0.000) 68.608 (0.000)
Atlas copco 61.629 (0.000) 58.932 (0.000)
Electrolux 5.319 (0.021) 5.306 (0.021)
Investor 43.765 (0.000) 42.406 (0.000)
Nordea 86.422 (0.000) 81.164 (0.000)
SAS 36.847 (0.000) 35.887 (0.000)
Scania 68.000 (0.000) 64.722 (0.000)
Securitas 8.929 (0.003) 8.882 (0.003)
SEB 148.895 (0.000) 133.810 (0.000)
SCA 16.147 (0.000) 15.973 (0.000)
SHB 66.113 (0.000) 63.012 (0.000)
Swedbank 121.296 (0.000) 111.123 (0.000)
Swedish match 83.449 (0.000) 78.539 (0.000)
Ericsson 4.689 (0.031) 4.679 (0.031)
Telia 4.434 (0.035) 4.423 (0.035)
Volvo 129.621 (0.000) 118.059 (0.000)
Table 3: Estimations of ARCH(1) on stocks.
Next step is to test for ARCH-effects in CDS-spreads. The results from
ARCH(1) test on CDS-spreads are summarized in table 4 below. Compared
to the stock prices where all stocks where significant, the ARCH(1) test on
CDS-spreads show varying results. Assa abloy, SEB, SHB and Swedbank
are not significant suggesting there is no conditional volatility. For the
remaining CDS-spreads, both F -version and LM -statistic come to the same
conclusion, suggesting presence of ARCH effects on a 99%-significant level.
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Company F − statistic TR2
Assa abloy 0.278 (0.598) 0.279 (0.597)
Atlas copco 92.801 (0.000) 86.755 (0.000)
Electrolux 44.702 (0.000) 43.284 (0.000)
Investor 17.451 (0.000) 17.246 (0.000)
Nordea 261.282 (0.000) 217.918 (0.000)
SAS 13.537 (0.000) 13.418 (0.000)
Scania 237.074 (0.000) 200.840 (0.000)
Securitas 5.536 (0.000) 5.521 (0.000)
SEB 0.005 (0.942) 0.005 (0.942)
SCA 58.897 (0.000) 56.433 (0.000)
SHB 0.006 (0.938) 0.006 (0.937)
Swedbank 0.002 (0.963) 0.002 (0.963)
Swedish match 14.669 (0.000) 14.522 (0.000)
Ericsson 19.939 (0.000) 19.668 (0.000)
Telia 45.222 (0.000) 43.771 (0.000)
Volvo 30.092 (0.000) 29.458 (0.000)
Table 4: Estimations of ARCH(1) on CDS-spreads.
By examine the graphs in appendix B, it is obvious the CDS-spreads of
SEB, SHB and Swedbank are stable over long periods of time before they
start trending upwards in 2008. This could be the reason why there are
no signs of ARCH-effects in these series. Regarding Assa abloy, there are
stable periods visible as well yet small parts of clusters can be observed,
although from a visual perspective there is no obvious reason for the lack of
conditional volatility.
Overall, the tests show that the data series are suited for further tests
with conditional volatility models.
4.3.2 EGARCH
Estimating EGARCH(1,1) is the first step to analyse how the series behave
when new information is being received by the market. Coefficient, γ, is the
indicator of how the asymmetry between good and bad shocks impact on
future volatility. When γ is greater than 0 positive shocks (, equation 4)
has a bigger impact on future volatility than negative shocks. Table 5 below
shows the coefficients from EGARCH(1,1) on stock prices with p-value in
brackets
All stock prices has a negative γ, inline with expectations and previous
research. Most of the coefficients are significant but the level vary. Assa
abloy and Investor are the only two stocks with all coefficients significant
on a 99% level. With focus on γ, all stocks except Electrolux, Scania, SCA,
Swedish match and Volvo are significant on a 90%-level.
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The results are inline with what was discovered by Black (1976), and
confirmed by French et al. , (1987), Nelson (1990) and Schwert (1990)
among others, that is a negative γ, and evidence of a higher impact of
negative shocks than positive shocks on future volatility.
Company ω α γ β
Assa abloy -0.246 (0.000) 0.127 (0.000) -0.074 (0.001) 0.981 (0.000)
Atlas copco -0.243 (0.005) 0.126 (0.015) -0.094 (0.005) 0.982 (0.000)
Electrolux -0.224 (0.011) 0.130 (0.005) -0.039 (0.553) 0.981 (0.000)
Investor -0.404 (0.000) 0.144 (0.000) -0.129 (0.000) 0.964 (0.000)
Nordea -0.198 (0.006) 0.136 (0.000) -0.108 (0.000) 0.988 (0.000)
SAS 0.014 (0.005) 0.001 (0.730) -0.014 (0.018) 1.002 (0.000)
Scania -0.377 (0.001) 0.270 (0.000) -0.046 (0.116) 0.977 (0.000)
Securitas -0.483 (0.000) 0.139 (0.000) -0.093 (0.015) 0.952 (0.000)
SEB -0.215 (0.034) 0.166 (0.302) -0.091 (0.000) 0.988 (0.000)
SCA -0.065 (0.109) 0.046 (0.008) -0.022 (0.208) 0.999 (0.000)
SHB -0.407 (0.000) -0.276 (0.000) -0.067 (0.026) 0.975 (0.000)
Swedbank -0.307 (0.000) 0.190 (0.563) -0.100 (0.000) 0.979 (0.000)
Swedish match -0.177 (0.003) 0.119 (0.000) -0.039 (0.149) 0.989 (0.000)
Ericsson -0.257 (0.164) 0.078 (0.254) -0.039 (0.079) 0.972 (0.000)
Telia -0.581 (0.010) 0.126 (0.006) -0.098 (0.048) 0.939 (0.000)
Volvo -0.370 (0.002) 0.217 (0.000) -0.038 (0.178) 0.973 (0.000)
Table 5: Estimations of EGARCH(1,1) on stock price.
As a negative shock (news) would force the stock price down, the same
news will increase the CDS-spread since it measures the underlying risk of
the company. For that reason, a positive γ will imply a greater impact
from bad news than good news on the future volatility when we estimate
EGARCH(1,1) on CDS-spreads. This comes from the correlation between
stock price and CDS-spread which is negative for all companies (table 1).
Compared with the results from EGARCH(1,1) on stock prices, estima-
tions on CDS-spreads seems more stable as most coefficients are significant.
ω, α and β are significant for all companies on a 95%-significant level. γ
which now is expected to be positive turns out to vary among the com-
panies. Atlas copco, Nordea, SAS, SEB and Swedbank have negative γ-
values, though most of the companies regarding γ are insignificant even at a
90%-significant level. Yet it indicates that most of the CDS-spreads future
volatility do face a greater impact from negative news than from positive
news. All the results are to be found in table 6 below with p-values in brack-
ets.
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Company ω α γ β
Assa abloy -0.228 (0.000) 0.033 (0.000) 0.028 (0.000) 0.965 (0.000)
Atlas copco -0.215 (0.000) 0.160 (0.000) -0.122 (0.000) 0.971 (0.000)
Electrolux -0.405 (0.000) 0.161 (0.000) 0.018 (0.094) 0.955 (0.000)
Investor -0.464 (0.000) 0.230 (0.000) 0.102 (0.090) 0.949 (0.000)
Nordea -0.329 (0.000) 0.275 (0.000) -0.020 (0.024) 0.953 (0.000)
SAS -1.006 (0.000) 0.376 (0.000) -0.066 (0.000) 0.873 (0.000)
Scania -0.295 (0.000) 0.151 (0.000) 0.072 (0.000) 0.971 (0.000)
Securitas -1.154 (0.000) 0.237 (0.001) 0.089 (0.057) 0.845 (0.000)
SEB -0.291 (0.000) -0.099 (0.000) -0.266 (0.000) 0.935 (0.000)
SCA -1.068 (0.000) 0.337 (0.000) 0.101 (0.000) 0.869 (0.000)
SHB -0.389 (0.000) -0.048 (0.000) 0.306 (0.000) 0.933 (0.000)
Swedbank -8.259 (0.000) -0.084 (0.020) -0.248 (0.000) -0.566 (0.000)
Swedish match -1.023 (0.000) 0.258 (0.000) 0.027 (0.071) 0.873 (0.000)
Ericsson -1.395 (0.000) 0.463 (0.000) 0.034 (0.017) 0.833 (0.000)
Telia -0.720 (0.000) 0.227 (0.000) 0.035 (0.016) 0.914 (0.000)
Volvo -0.814 (0.000) 0.426 (0.000) 0.029 (0.041) 0.920 (0.000)
Table 6: Estimations of EGARCH(1,1) on CDS-spread.
4.3.3 News impact curve
The shape of news impact curve from EGARCH(1,1) is determined by γ
from table 5 and 6. A γ different from 0 conducts evidence of asymmetry.
An example of the shape of news impact curve for a EGARCH(1,1) (and
GARCH(1,1)) is given in figure 2 (Page 12).
Hans et al. (1992) showed that negative news affects future volatility in
stock prices more than positive news. Similar asymmetry was observed in
the bond market by Kats (1974), Grier and Kats (1976), Steiner and Heinke
(2001), Wansley et al. (1992) and Hite and Warga (1997) among others.
Negative news will affect the future stock price volatility more than pos-
itive news when γ < 0 and vice versa. As discussed above, CDS-spreads
and stock prices are negatively correlated. As γ is expected to be less than
0 for stocks prices, the expectations for CDS-spreads is the opposite, that is
γ > 0.
By a visual analysis, it is possible to observe how the two series future
volatility behave when new information of varying degree arrives. If both
series reacts the same on new information, news impact curve for the CDS-
spread and the stock price should be mirror images of each other, otherwise
the reactions are different. All graphs from the news impact curve analysis
on both series can be found in appendix C.
Starting by looking at the curves for stock prices, negative news impact
future volatility more than positive news. The impact from negative news
is best described as quadratic for all stocks except SAS which is closer to
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linear. The slope is negative, saying that the greater shock the more impact
is has on future volatility. Positive news impact future stock price volatility
but not as much as negative. The impact from positive news is close to
linear with positive slope for all stocks except for SAS which is linear but
with negative slope.
The impact on future spread volatility from negative news is inconsistent
among the spreads. The slope is positive (mirror of stock’s slope) for all
spreads except SEB and Swedbank which slope is negative, which means
the greater negative shock the less impact is has on future volatility. Just
like the slope for stocks, the slope for negative news could best be described
as quadratic but overall the impact from news is greater on spreads. The
impact from positive shocks also affects the future spread volatility more
than is does for stocks. The slope (negative) for positive news is greater
than for stocks. The linear relationship between size of shock and impact on
future volatility observed for positive shocks on stock prices is also observed
for CDS-spreads except for Atlas copco, Ericsson, SAS and Volvo which is
closer to quadratic.
Assa abloy, Ericsson, Electrolux, Investor, SCA, Scania, Securitas, SHB,
Swedish match, Telia and Volvo’s news impact curve are, as expected, close
to mirror images of each other. The future spread volatility for Atlas copco,
Nordea, SAS, SEB and Swedbank has a higher impact from positive news
then negative. Opposite previous research on bonds and stocks, positive
shocks have high impact on future spread volatility.
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5 Analysis
At first, correlation between the returns in CDS-spread and stock price
was measured. The results show that all included companies are negatively
correlated with varying degree, yet it confirms that a decrease (increase) in
stock price will increase (decrease) CDS-spread which is in line with previous
research. The result is also inline with the fundamental idea of CDS as a
hedge against default.
The test on correlation show that there is a negative relationship between
the two series but it does not say if there is any dependence in CDS-spread
of the movements in stock price. To gain further understanding of the re-
lationship between the CDS-spreads and stock prices weekly variance was
measured. By running a regression with variance in CDS-spread as depen-
dent variable and variance in stock price as independent variable, it was
possible to measure how much of the variance in CDS-spread that could be
explained by variance in stock price. The results show variance in stock
price can only explain a small part of the variance in CDS-spread. A more
interesting observation is the sign and value of the coefficient corresponding
to variance in stock price. Though the sign and value vary, the significant
variables indicate that variance in stock price affects variance in CDS-spread.
Before proceeding with test on conditional volatility, an ARCH-test was
performed. Both F-statistic and LM-statistic suggested presence of ARCH-
effects in all stock prices. In CDS-spreads all but four spreads show pres-
ence of ARCH-effects. The last step was to measure how new information
(shocks) affect the future volatility and analyse whether the stock and spread
in terms of future volatility reacts similar when new information arrives.
For stocks, the coefficient estimates suggest, that negative news affects the
future volatility more than positive news. Of the 16 stocks 11 has a γ sig-
nificant at 90%-level. The results are inline with previous research from
the bond market. The measure of correlation indicated a negative relation
between stock prices and CDS-spreads: when the stock price increase, the
CDS-spread decrease. For example, if a medical company receives an ap-
proval for new medicine, expectations in future earnings increase. As the
risk of default decreases, the CDS-spread declines from the very same news
that moved the stock price higher and vice verse. When analyzing the γ for
stocks, a negative coefficient was expected but for CDS-spreads the opposite
is expected. If negative news should have higher impact on future volatility
than positive the estimation of EGARCH(1,1) on CDS-spreads should give
a positive γ. Compared to the test on stock prices, γ is significant on a 90%-
level for all spreads. Since all stocks indicated higher impact by negative
news then positive it is surprising that 5 spreads turns out with negative
γ suggesting positive news impact future volatility more than negative. By
testing the model with different shocks a news impact curve is drawn. If
the two series reacts the same on new information the graph of CDS-spread
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and stock price should be mirror images of each other. The graph show two
things not possible to obtain directly from the EGARCH(1,1) estimation:
how high is the measured variance ( = 0) and how sensitive are the series
to the size of shock (news). The variance in CDS-spreads is higher than the
variance in stock prices. Also, the CDS-spreads are more sensitive to the
size of shock, both positive and negative, than stocks. Overall, the expected
mirror relationship can be observed for 11 of the 16 companies. Following
section will go through each company and discussion the results.
Assa abloy has a negative relationship between its price and spread (ρ =
-0.551) but the variance in price has a small impact on variance in spread.
Presence of ARCH was never found in the spread yet all coefficients in the
EGARCH(1,1) estimation on price and spread are significant on a 99%-
level. The news impact curve show that negative news increases the future
volatility in both series and the variance is sensitive to the size of shock.
Clearly, Assa abloys CDS is behaving as it is expected: when the risk of
default increases the price of protection (CDS-spread) increases and vice
verse. There is no obvious reason behind the insignificant β coefficient and
low grade of explanation when testing the dependence in variance. Since
the spread and price clearly react similar on news this is unexpected.
Atlas copco has no correlation between its price and spread (ρ = -0.033).
When testing the dependence in variance, β turns out negative suggesting
increasing variance in price decreases variance in spread. The result is not
reliable as the coefficient is insignificant. The test of ARCH is significant
in both series and all estimated coefficients from EGARCH(1,1) are signifi-
cant but γ is negative in both cases suggesting positive news affects future
volatility in spread more than negative. By looking at the graph of the two
series it is clear the CDS-spread is affected by information that do not af-
fect the price. Clusters of volatility are clearly visible adding to the almost
non-existing correlation. The graph also shows periods when both price and
spread increases and decreases simultaneously, which can explain why the
test on variance turns out insignificant.
Electroluxs price is moving with a negative correlation of -0.417 against
its CDS-spread. The test on spread variance show clearly dependence from
variance in price and all coefficients are significant on a 99%-level. The β
coefficient is estimated to almost 1 and R2 close to 10%. Both series show
presence of ARCH-effects but when performing EGARCH(1,1) γ turns out
insignificant in stock price, yet the news impact curves are close to mirror
images of each other. Electrolux appears to be more volatile in both price
and spread, as the impact from positive news is higher in comparison to the
other companies. Another interesting observation is the more symmetric
curve observed for the spread. While a negative shock of 10 increases vari-
ance to 16, a positive shock of the same magnitude will increase variance to
12.
Investor has a weak correlation between its price and spread of -0.199.
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Test on variance show a significant β coefficient of 3 and R2 of almost 10%.
The price and spread may not show any strong relationship but it is obvious
the variance in price affects the variance in spread. Both ARCH-test and es-
timation of EGARCH(1,1) turns out with expected signs and all coefficients
significant. By looking at the news impact curve, it is clear that negative
news affects both series more then positive, which also increases with higher
magnitude.
Nordeas correlation between its price and spread is -0.346 but there
is no significant relationship between variance in price and spread: β is
negative and R2 is low. Coefficients estimated with EGARCH(1,1) are all
significant but the test on spread indicate higher impact from positive news
then negative. This can be observed in the news impact curve of the CDS,
as the impact from both positive and negative news is high and more close
to symmetric. As for the stock price, positive shocks have a small impact
on future volatility. By looking at the graph of both series one can observe
small movements in spread during a long period of time while the price
fluctuate. A reason why the two series do not react similar to news could be
the distressed situation that toke place during the end of observation period.
Also, with focus on 2008 and forth the two series seems to move with greater
negative correlation although it does not explain why positive news impact
future volatility more than negative, which is observed for the stock price.
SAS graph over spread and stock price show clearly the company is fac-
ing issues. The correlation between price and spread is high (ρ = -0.823).
Estimation on variance indicates variance in price does not affect the vari-
ance in CDS-spread at all (0%) and the coefficients are insignificant. Both
series show presence of ARCH and the estimation of EGARCH(1,1) indi-
cates negative shocks in price has a greater impact than positive but vice
verse for spread. The measured volatility in price is relatively high while it
is close to 0 for the spread, which is contrary to the other companies. An
interesting observation is the almost negatively linear news impact curve
for price: the greater shock the less impact is has on future volatility. The
reversed relationship can be observed for the spread: big positive shocks
have big impact on volatility. There is clearly no relationship between the
two series behavior on new information even though the price and spread
correlation is strongly negative.
Scania has a weak negative correlation between its price and spread (ρ
= -0.159). Estimation on variance indicates that variance in price affects
variance in spread with R2 = 2.23% and β = 0.660. Presence of ARCH is
significantly observed in both series. Even though all signs are as expected,
the EGARCH(1,1) estimation on price turns out insignificant. Disregarding
the insignificant γ coefficient, the news impact curves are close to mirror
images of each other, showing negative news impact is greater than positive
and the impact increases with the size of shock.
Securitas stock price is not affected by the financial crisis and economic
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downturn as much as the other companies. Both price and spread fluctuate
until the CDS-spread starts moving upwards, similarly observed in the other
companies spread. The correlation between spread and price is -0.446. Price
variance significantly affects variance in spread (β = 0.533) but only explains
1% of the movements. ARCH-effects is observed in both series and the
estimation of EGARCH(1,1) indicate negative shocks impact volatility more
than positive in both series. The two news impact curves indicate the two
series behave almost identical on new information.
SEB, like Nordea, is strongly affected by the financial turmoil. By a
visual analysis of the CDS-spread one can observe long periods of no move-
ments at all while the stock price is trending up and down. In 2008 the
spread starts to move higher while the peak in price occurred in 2007 and
the decline started. It is probably the later stage of the observation period
that adds to the negative correlation of -0.644. Variance in stock price has
no effect on variance in spread as all coefficients turns out to be insignifi-
cant and R2 = 0%. Evidence of ARCH-effects is found in stock price but
not in CDS-spread. This is probably due to the lack of movements during
periods of time. As in the case of Nordea, the estimated γ is positive when
performing EGARCH(1,1). The stock price is reacting as expected with
higher impact from negative news but the spread show a more linear news
impact curve, suggesting that big negative shocks has small or no impact
at all on future volatility. The relatively high volatility together with the
curve indicates the distress that occurs at the later stage of the observation
period.
SCA has a correlation of -0.680 between its price and spread. There
is no significant relationship between the variances (R2 = 0.93%). Both
series contains ARCH-effects but only the spread has a significant γ when
EGARCH(1,1) is estimated. The sign is correct for both series and the news
impact curves are close to mirroring each other.
SHB is the only bank which price visually looks stable during the ob-
servation period. The price does decline but the trend is smoother than
for Nordea, SEB and Swedbank. Also, the CDS-spread is behaving similar
to SEBs with long periods of small or no movements at all before it starts
increasing in 2008. The spread and price moves with a negative correlation
of -0.646, which probably comes from the later part of the period. Regres-
sions on variance suggest there is no relationship between the variance in
spread and price. Not surprisingly there is no ARCH-effects observed in
spread while it is observed in price. This is probably due to the lack of
movements in spread. Another observations which adds to the more stable
behavior is the positive and significant γ from EGARCH(1,1) estimation on
spread, which is contrary to the other banks spreads. Both spread and price
reacts with higher impact from negative news than positive. Worth noticing
regarding volatility in spread is the lack of impact from big positive news.
Swedbanks CDS-spread is behaving just like the other banks: long pe-
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riods of small or no movements at all. Yet, the correlation between spread
and price is -0.778, probably because of the movements occurring in 2008
and fourth. There is no evidence variance in price affects variance in spread,
coefficients turns out insignificant and R2 = 0%. ARCH-effect was found in
stock price but not in spread. Again, ARCH is probably not presence due
to the lack of movements. The behavior on new information in Swedbanks
spread and price looks similar to the behavior observed for SEB: γ is neg-
ative in both spread and price suggesting negative news affect volatility in
stock price more than positive and the opposite for spread. Also, the news
impact curve for the spread is more linear indicating negative news has small
impact on future volatility.
Swedish match is interesting since it is the only company, which stock
price actually increases during the observation period but a decline starting
in 2008 can be observed. The correlation between spread and price is -0.395.
The variance in price can only explain 1,1% of the variance in spread but
the coefficient is estimated to 0.48. By a visual look at the two series it is
surprising that there actually is dependence, as the spread seems to move
up and down without any relation to the price which moves with trend. The
variance in stock price and CDS-spread reacts similar on new information
but the estimated γ on price is insignificant. The news impact curve for
spread suggests that both positive and negative news has a high impact on
future volatility yet negative news impact is greater.
Ericsson has a strong negative correlation between its price and spread
(ρ = -0.823). The variance in stock price can explain 11.13% of the variance
in spread (β = 1.028). ARCH-effect is found in both series and all estimated
EGARCH(1,1) coefficients are significant with correct signs. Both negative
and positive shocks seem to affect future volatility in spread but big negative
shocks dominate over positive. For price it is clearer that negative news has
a higher impact on volatility than positive.
Telias stock price is also relatively stable during the observation period
while the spread fluctuates with increasing spikes up and down 2008 and
fourth. There is no correlation between price and spread (ρ = -0.031). The
test on variance show that variance in price can explain 4.97% of variance in
spread and estimated β is 1.177. Presence of ARCH-effect is found in both
series and all coefficients from EGARCH(1,1) are significant. Looking at the
news impact curve, the price curve is similar to the other stocks: negative
news impact future volatility more than positive which also increases with
the magnitude. The variance in spread show the same behavior but positive
shocks affects variance in spread more than price.
Volvo has a negative correlation between its price and spread of -0.396.
The correlation is not strong but it is yet higher than expected judging
from a visual overview. The correlation comes probably from the relatively
stable period in the beginning of observation period. Variance in price can
explain 7.32% of variance in spread and estimated β is 1.138. Both series
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contains ARCH-effects but when performing EGARCH(1,1) on stock price
γ turns out negative but insignificant. The test on spread show all estimated
coefficients significant and γ is positive. The news impact curve on spread
variance suggests that both positive and negative news impact volatility
yet big negative shocks dominate positive. As for stock volatility, negative
has more impact than positive although the result is not reliable since γ is
insignificant.
All tests are performed on data including observations during the finan-
cial distress accruing 2008, which can explain the higher variance measured
in spreads compared to prices. The lack of liquidity in the financial system
clearly affects all companies and the economic downturn seems to affect all
companies except Swedish match. An interesting observation is the timing
of each companys first major spike in CDS. Most of the companys CDS start
moving up at the end of 2007/beginning of 2008 and escalates at the end of
2008. For the banking sector it is clear that the spikes occurs at different
periods of time while one could expect the spreads for this sector to move
simultaneously. Nordea is the first bank with a major spike shortly followed
by SEB. SHB which is the most stable bank from a price perspective has
is spike in spread almost a month later. Swedbank, wich stock price falls
hard from its peak in 2007 has its first spike in CDS-spread months after
Nordea and SEB. Once the spreads start to increase they continue to move
higher during the rest of observation period. It is clear that non-financial
companies CDS-spreads move ahead of the financials. One reason is proba-
bly that only a normal economic downturn was priced in and the financial
crisis shocked the market, yet one could expect the spreads for banks to at
least start to increase at the same point other spreads increased. Another
reason why banks spread reacts slower can be the lack of liquidity for these
spreads.
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6 Conclusion
This essay have analysed the Swedish CDS market and its relationship with
the stock market in order to answer the following questions i) how much of
the variance in CDS-spread can be explained by the variance in stock price?
ii) do CDS-spread and stock price move with negative correlation? iii) how
does news impact future volatility? and iv) do stock price and CDS-spread
react similarly on news?
Variance in stock price affects variance in CDS-spread. The elasticity
on the other hand vary wide among the companies yet I conclude variance
in stock price do affect and partly explain the variance in CDS-spread for
most of the companies.
The negative correlation between CDS-spread and stock price suggest a
negative relationship also exist in the Swedish market but the strength vary.
Stocks experiencing deep decline in price measures a grater negative corre-
lation than companies with stable price development, suggesting correlation
may be greater due to the crisis.
Presence of ARCH is found in all stock prices and all but four CDS-
spreads. The lack of ARCH-effect may be due to lack of movements and/or
illiquidity. Furthermore, the test of impact asymmetry suggest negative
news has a higher impact on future volatility than positive news in the
stock market. When it comes to CDS-spreads, the number of spreads react-
ing with greater impact from negative news dominates. Again, companies
affected with declines in stock price seems to react more to positive news
than negative.
Five CDS-spreads indicate higher impact on volatility from positive
shocks while all 16 stock prices indicate higher impact on volatility from
negative shocks. The EGARCH(1,1) and news impact curve analysis indi-
cate 11 of 16 companies are reacting similar to shocks, that is negative news
increases future volatility more than positive news, in both CDS-spread and
stock price.
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A List of companies
Following companies and stock prices are covered in the analysis.
• Assa Abloy B
• Atlas Copco A
• Electrolux B
• Investor B
• Nordea
• SAS
• Scania B
• Securitas B
• SEB A
• SCA B
• SHA A
• Swedbank
• Swedish Match
• Ericsson B
• Telia
• Volvo B
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B Overview: all data series
Stock price and CDS-spread for each company. Each series contains 1305
daily observations during 2004-03-25 - 2009-03-25
Figure 4: Stock price and CDS-spread of Assa Abloy
Figure 5: Stock price and CDS-spread of Atlas Copco
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Figure 6: Stock price and CDS-spread of Electrolux
Figure 7: Stock price and CDS-spread of Investor
Figure 8: Stock price and CDS-spread of Nordea
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Figure 9: Stock price and CDS-spread of SAS
Figure 10: Stock price and CDS-spread of Scania
Figure 11: Stock price and CDS-spread of Securitas
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Figure 12: Stock price and CDS-spread of SEB
Figure 13: Stock price and CDS-spread of SCA
Figure 14: Stock price and CDS-spread of SHB
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Figure 15: Stock price and CDS-spread of Swedbank
Figure 16: Stock price and CDS-spread of swedish Match
Figure 17: Stock price and CDS-spread of Ericsson
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Figure 18: Stock price and CDS-spread of Telia
Figure 19: Stock price and CDS-spread of Volvo
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C News impact curves
Following graphs are the results from EGARCH(1,1) estimates on stock price
(left) and CDS-spread (right), expressed as news impact curve. If both series
respond the same to a shock, the graphs should be mirror images of each
other.
Figure 20: News impact curve for EGARCH on Assa abloy
Figure 21: News impact curve for EGARCH on Atlas copco
Figure 22: News impact curve for EGARCH on Electrolux
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Figure 23: News impact curve for EGARCH on Ericsson
Figure 24: News impact curve for EGARCH on Investor
Figure 25: News impact curve for EGARCH on Nordea
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Figure 26: News impact curve for EGARCH on SAS
Figure 27: News impact curve for EGARCH on SCA
Figure 28: News impact curve for EGARCH on Scania
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Figure 29: News impact curve for EGARCH on SEB
Figure 30: News impact curve for EGARCH on Securitas
Figure 31: News impact curve for EGARCH on SHB
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Figure 32: News impact curve for EGARCH on Swedbank
Figure 33: News impact curve for EGARCH on Swedish match
Figure 34: News impact curve for EGARCH on Telia
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Figure 35: News impact curve for EGARCH on Volvo
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D Correlation
Since there are CDS issued covering 1 up to 10 years with 5 year maturity as
benchmark it is of interest to measure the correlation between each issued
maturity. t is expressed as the two measured series.
ASSA ABLOY
t: 1-10 1-2 2-3 3-4 4-5 5-6 6-7 7-8 8-9
ρ: 0.817 0.992 0.993 0.990 0.989 0.989 0.987 0.985 0.999
ATLAS COPCO
t: 1-10 1-2 2-3 3-4 4-5 5-6 6-7 7-8 8-9
ρ: 0.844 0.996 0.996 0.993 0.995 0.998 0.998 0.999 0.999
ELECTROLUX
t: 1-10 1-2 2-3 3-4 4-5 5-6 6-7 7-8 8-9
ρ: 0.886 0.998 0.997 0.996 0.996 0.998 0.998 0.999 0.999
INVESTOR
t: 1-10 1-2 2-3 3-4 4-5 5-6 6-7 7-8 8-9
ρ: 0.932 0.996 0.998 0.998 0.998 0.999 0.999 0.999 0.999
NORDEA
t: 1-10 1-2 2-3 3-4 4-5 5-6 6-7 7-8 8-9
ρ: 0.970 0.995 0.998 0.997 0.998 0.999 0.996 0.999 0.999
SAS
t: 1-10 1-3 3-5 5-7
ρ: 0.879 0.967 0.986 0.994
SCANIA
t: 1-10 1-2 2-3 3-4 4-5 5-6 6-7 7-8 8-9
ρ: 0.975 0.998 0.999 0.999 0.999 1.000 1.000 1.000 1.000
SECURITAS
t: 1-10 1-2 2-3 3-4 4-5 5-6 6-7 7-8 8-9
ρ: 0.663 0.984 0.985 0.993 0.995 0.995 0.995 0.997 0.997
SEB
t: 1-10 1-2 2-3 3-4 4-5 5-6 6-7 7-8 8-9
ρ: 0.924 0.997 0.997 0.998 0.998 1.000 1.000 1.000 1.000
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SCA
t: 1-10 1-2 2-3 3-4 4-5 5-6 6-7 7-8 8-9
ρ: 0.802 0.995 0.995 0.996 0.998 0.992 0.994 0.996 0.996
SHB
t: 1-10 1-2 2-3 3-4 4-5 5-6 6-7 7-8 8-9
ρ: 0.964 0.998 0.996 0.997 0.999 0.995 0.998 0.999 0.999
SWEDBANK
t: 1-10 1-2 2-3 3-4 4-5 5-6 6-7 7-8 8-9
ρ: 0.922 0.982 0.995 0.997 0.999 0.996 0.999 0.999 1.000
SWEDISH MATCH
t: 1-10 1-2 2-3 3-4 4-5 5-6 6-7 7-8 8-9
ρ: 0.697 0.991 0.974 0.991 0.995 0.998 0.998 0.998 0.998
ERICSSON
t: 1-10 1-2 2-3 3-4 4-5 5-6 6-7 7-8 8-9
ρ: 0.882 0.993 0.992 0.996 0.997 0.999 0.999 1.000 1.000
TELIA
t: 1-10 1-2 2-3 3-4 4-5 5-6 6-7 7-8 8-9
ρ: 0.581 0.986 0.988 0.990 0.993 0.995 0.996 0.995 0.994
VOLVO
t: 1-10 1-2 2-3 3-4 4-5 5-6 6-7 7-8 8-9
ρ: 0.979 0.999 0.998 0.999 1.000 1.000 1.000 1.000 1.000
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